We present evidence that non-cognitive skills such as individual investors' personality traits significantly impact their portfolio choices. Based on large-scale survey data from the 2006-2012 waves of the US Health and Retirement Study (HRS) we show that portfolio decisions are influenced by a variety of traits and facets traditionally investigated in the field of personality psychology. Two personality traits that taken together depict a self-centered personality profile appear to have the most significant impact on financial risk taking: lower Agreeableness and higher Cynical Hostility predict higher willingness to take risks. A number of robustness checks corroborate our results. We also show that the effects of Agreeableness seem to pass through the preferences -rather than the beliefs -channel. Our findings shed new light on the noncognitive side of individuals' risk taking and have implications for our understanding of the sources of heterogeneity in financial decisions. JEL Classification: D03; D14; G11.
Introduction
Risk attitude was long thought to be the exclusive purview of human rationality, so that the classic economic approach to choice under risk is underpinned by a consequentialist view of "risk as analysis" (Slovic et al., 2004 ) -i.e. a view of risk attitude as a mainly cognitive construct. In the financial domain, the standard "risk as analysis" perspective posits that investors are driven by cognitive assessments of risk, thoughtfully facing the market's risk-reward trade-offs before making their financial decisions. However, in spite of the indisputable importance of examining investors'
Our major results can be summarized as follows. Personality characteristics matter, as we document that two personality traits have important effects on financial risk taking: Agreeableness and Cynical Hostility, in opposite directions. Taken together, these findings suggest that self-centered personality profiles characterized by either low Agreeableness or high Cynical Hostility (or both) are more prone to take financial risk, all else equal. We also show that the impact of Agreeableness on financial risk taking seems to pass through the preferences -rather than the beliefs -channel. Finally, a finer analysis allows us to offer evidence of correlation between portfolio choice and several facets associated with different personality domains.
The remainder of the paper proceeds as follows. Section 2 provides a selective review of the existing literature on personality traits and economic outcomes. Section 3 describes our data while Section 4 illustrates our main findings. Section 5 concludes. A final appendix lists the raw variables used to identify personality traits.
Personality traits and economic outcomes
Rather than analyzing risk taking in general, we investigate it in the financial domain, by directly focusing on investors' portfolio choice. Available empirical evidence supports the view that individuals' willingness to take risks, far from being stable across decision contexts (as it was supposed to be in several standard models in economics and finance), is highly dependent on the specific domain in which it is elicited (Dohmen et al., 2011; Loomes and Pogrebna, 2014) , also when market data are used (Barseghyan et al., 2011) 4 . This suggests that economists should adopt a domainspecific approach to the measurement of risk-taking behavior (Deck et al., 2014) .
A natural starting point for our analysis of the influence of investors' personality characteristics on their financial decisions is the observation that closely related constructs have been playing a central role within the fields of economics and personality psychology, respectively (Rustichini et al., 2012) . On the one hand, in the standard economic approach, individuals' behavior is supposed to be driven by preferences (such as risk, time, and social preferences), in combination with expectations, beliefs, strategic considerations and constraints (Becker et al., 2012) . On the other hand, personality psychology posits that individual-specific personality characteristics significantly influence outcomes. Some recent papers have attempted to specifically shed light on the still largely unexplored relationship between (economic) preferences and (psychological) measures of personality (see on this Borghans et al., 2008; Almlund et al., 2011; Becker et al., 2012; Rustichini et al., 2012) .
Looking at the impact of personality traits on financial risk taking appears to be a promising research area also due to mounting evidence from economics studies that speaks to the independent predictive power of personality traits for economic outcomes. Malmendier et al. (2011) investigate the effect of managerial traits on corporate financial policies. They show that overconfident managers use less external capital and, conditional on accessing external capital, issue less equity than their peers. Almlund et al. (2011) focus on personality traits as predictors of academic and economic success, health and criminal activity and document that, for many outcomes, personality measures are just as predictive as cognitive measures, even after controlling for family background and cognition. Harrison et al.'s (2015) cross-national study reveals that factors such as Anxiety, Utility-For-Lifestyle, Utility-for-Investment and Awareness account for a lot of the variation in students' attitudes to their debt incurred while studying.
Personality traits are organized in hierarchical structures, with broad domains at the top of the scale and more detailed patterns of behavior at the bottom. The so called Big Five model is one of the most commonly used taxonomies in the management and psychology literature (Costa and McCrae, 1992; Deck et al., 2008) . This model subsumes a huge variety of personality attributes (Lonnqvist et al., 2011 ) and, at the broadest level of abstraction, it posits that five traits (i.e., Openness, Conscientiousness, Extraversion, Agreeableness and Neuroticism) are fundamental and universal and that the score of an individual in these dimensions characterizes her stable pattern of thoughts and feelings (Rustichini et al., 2012) . The Big Five provides us with a comprehensive categorization of personality traits that also includes progressively more narrowly defined traits (or facets) at lower and lower levels (Almlund et al., 2011) .
Prior empirical work examined the relationship between the Big Five model and a variety of economic variables and life outcomes. Nyhus and Webley (2001) find that more emotionally stable and introverted individuals save more and borrow less, whereas more agreeable individuals do the opposite. Several articles focus on the relationship between Big Five traits and earnings (see, e.g., Mueller and Plug, 2006) . Rustichini et al. (2012) show that personality variables affect a variety of economic and life outcomes, such as credit score, job persistence, heavy truck accidents, Body Mass Index and smoking habit, with personality traits having a stronger predictive power than economic preferences. Becker et al. (2012) compare the explanatory power of economic preferences and measures of personality in accounting for health, educational and labor market outcomes and conclude that standard measures of preferences and personality are to a large extent complementary constructs. Psychological factors related to individuals' personality seem to play an important role also with regard to people's attitude towards portfolio monitoring: Gherzi et al. (2014) find that investors behave like hyper-vigilant meerkats as they increase their portfolio monitoring following both positive and daily negative market returns. They also show that neuroticism moderates the pattern of portfolio monitoring. Based on data from the British Household Panel Survey, Brown and Taylor (2014) investigate the relationship between household finances and personality traits and document an important effect for extraversion. Their analysis differs from ours as their focus is on decisions regarding unsecured debt acquisition and financial assets; next, as far as personality traits are concerned, they exclusively refer to the Big Five taxonomy, whereas, as we make clear in Section 3, by exploiting the richness of our dataset we are able to explore a far broader and more nuanced range of personality attributes 5 .
Data
To perform our analysis we need data on financial decisions and personality characteristics, for a representative sample of households. A suitable candidate for this purpose is the Health and Retirement Study (HRS), a large-scale panel survey administered in the US by the Institute for Social Research at the University of Michigan 6 . The survey collects, regularly every two years since 1992, detailed information on household socio-demographic characteristics, household portfolios, and health conditions for a representative sample of US households whose head is aged 50 or more. More recently, HRS enriched its questionnaire with additional modules on specific topics. In particular, the "participant lifestyle" module, introduced in 2004, is meant to explore the self-assessed life conditions of the respondents. In every wave questions of the module are asked to a rotating (random) 50% of the full sample, which means that the same household fills in the module every four years. Since 2006 the "participant lifestyle" module includes psychological questions on single facets of personality and every further wave typically adds more questions related to this topic. Our analysis benefits from this variety of information (uncommon in survey data) that allows us to paint a thorough and rich picture of individuals' personality. Given the focus of this study, a further advantage of working with the HRS survey is that it is targeted to individuals aged 50 or more. The psychology literature is debating whether personality is stable over time or not. The prevailing view is that, unlike for cognitive traits, personality traits become stable only since mature age (e.g., McCrae and Costa, 2006) , with rank-order stability for many personality measures peaking after age 50 (Borghans et al., 2008) . Therefore, focusing on individuals aged 50 or more, our dataset should not be affected by the issue of potentially unstable personality.
We had two options to perform our analysis. On the one hand, we could have taken the HRS wave with most variables on personality traits (the 2012 wave, that is the latest available at the time of this writing); on the other hand, we could have taken all the HRS waves incorporating variables on personality (the 2006-2012 waves) . In this trade-off between having more information and having more observations, we opted for the latter, therefore looking at the four waves from 2006 to 2012. The main reason is that our key variables are likely affected by short-term features of the macroeconomic and financial environment: for instance, in more recent years, in the midst of an unprecedented financial crisis, we might observe limited investment in stocks (e.g. because the investor is scared) and widespread pessimism (e.g. because the individual lost a job, experienced wealth losses, or is just influenced by the media talking about the crisis.) If we used data collected in one specific year, we would be unable to isolate these effects, and correlations would possibly be spurious. By having observations collected in different years, we can instead control for time effects. This allows us to maintain a focus on the long-term impact of individuals' personality characteristics on their willingness to take risk in the financial domain.
Our final dataset is made of 10,104 observations on 6,733 households who responded to all the questions on personality traits, and for whom we have information on all the relevant dependent, control and personality variables. To reach this final sample we concentrate only on individuals in age between 50 and 80 (we exclude individuals aged 80 or more, that HRS oversamples), and we remove observations with financial wealth below 1,000 US dollars. All monetary values in the sample are reported to 2010 prices correcting for inflation using the Consumer Price Index, all items 7 . It should be noticed that, although our dataset has a panel structure, we have just one observation for 3,762 out of 6,733 households in the sample and two observations for the remaining ones. In general, for each household we have between 1 and 2 observations, with an average of 1.50. Thus the panel dimension is tiny, which prevents us from exploiting models specifically suited for panel data. For this reason, in the following we develop a cross-sectional analysis and account for within-observation correlation by using standard errors clustered at the household level. Having no available panel dataset is not an issue for our purpose; as long as our focus is on disentangling the contribution of personality from time disturbances, a repeated crosssectional dataset is enough. Table 1 reports summary statistics on the variables that we use in the study. We divide them in three groups: dependent variables (financial risk taking indicators), control variables (age, gender, wealth, etc.) , and personality scores.
Beginning with the seminal contributions of Cohn et al. (1975) and Friend and Blume (1975) , based on mean-variance portfolio theory, the literature frequently takes the share of financial wealth invested in risky assets (bonds and stocks) as a proxy for financial risk tolerance. Following this approach, we also consider the risky asset share 8 as a key indicator. In addition, we focus our attention on risky asset holdings, i.e., on whether an individual holds risky assets or not (either directly or indirectly through mutual and pension funds). This indicator captures "stock market participation" and is popular in the literature (see, e.g., Malmendier and Nagel, 2011) because it does not suffer from two shortcomings of the share measure. First, the share can carry some measurement error because respondents may not know the exact amount of their holdings and how these are allocated. Second, agents may not adjust their portfolio frequently (Calvet et al., 2009) , which implies that observed changes in the portfolio shares may merely reflect the evolution of market prices. By contrast, since it is independent of monetary amounts, the holding indicator does not raise this concern. In one case we also treat as dependent variable the self-assessed chance that the stock market goes up in the next 12 months 9 , which is a measure of beliefs on market returns. Our list of control variables includes standard socio-demographic indicators (age, gender, education, wealth, etc.) plus one dummy variable on the self-assessed good health condition and one dummy variable on the presence of friends, following existing literature on the importance of health status (Rosen and Wu, 2004) and sociability (Hong et al., 2004) in financial decisions.
Personality scores are obtained from 65 raw variables on personality collected in the "participant lifestyle" module and present in all the HRS waves from 2006 to 2012 10 . The raw variables cover different facets of personality and record the answers in a discrete scale usually with 4 or 6 alternatives. We combine them as described by the HRS staff in Smith et al. (2013) ; for details see the Appendix. Scores typically range from 1 to 4 or from 1 to 6 on a discrete scale. For sake of comparability, we rescale all scores in the 0-1 range. On the whole, we construct 13 personality scores: as we anticipated in Section 1, while five scores denote the personality traits characterizing the well-known Big Five model (Costa and McCrae, 1992) , the others cover personality traits that do not fit into that framework: Cynical Hostility, Optimism, Pessimism, Hopelessness, Loneliness, Constraints on Personal Control, Perceived Mastery and Purpose in Life. As noted by Borghans et al. (2008) , "The proliferation of personality measures reflects, in part, the more heterogeneous nature of personality in comparison to cognitive ability" (p. 986). Table 2 . Their time variation is often significant according to a oneway analysis of variance test: interestingly, we see that the largest variation in the variables was in years 2008 and 2010, i.e., in the beginning or in the midst of the financial crisis. In such period we observe a reduction in the holding of risky assets and the selfassessed chance that the market goes up, together with -for instance -an increase in Cynical Hostility, Mastery, Optimism and Pessimism, and a decrease in Openness. We claim that this evidence further supports our decision to look at data from multiple waves. The fact that personality factors turn out to fluctuate over time is in line with the body of evidence presented by Almlund et al. (2011) , documenting that, even though personality traits are not merely situation-driven ephemera and -as we noted aboveare relatively stable with age (see on this also Cobb-Clark and Schurer, 2012), they are also not set in stone and change with the environment.
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Results
Since we aim at investigating the correlation between personality attributes and financial risk taking, we take as reference dependent variables the holding and the share of risky assets (bonds and/or stocks) in the financial portfolio. We start the analysis in Sub-section 4.1 by examining the correlation between financial investment decisions and information on personality scores. In Sub-section 4.2 we then investigate whether the correlations we observe are driven by changes in beliefs or preferences. Finally we focus on single facets of personality in Sub-section 4.3. We estimate our regression equations using a probit model for the probability to hold risky assets, and a fractional response probit model à la Papke and Wooldridge (1996) , estimated with Bernoulli quasi-maximum likelihood and standard errors robust to heteroskedasticity, for the portfolio share in risky assets. The latter model is specifically suited to deal with fractions, that by definition are bounded in the 0-1 interval, also when a mass of observations is concentrated at the boundaries.
As robustness checks, we replicated the benchmark analysis of Sub-section 4.1 using i) alternative estimation methods (linear probability model for the holding; OLS and tobit for the share) and ii) an alternative definition of risky assets (just stocks, rather than stocks and bonds.) The results, illustrated in Appendix tables A1 and A2, respectively, confirm all of our findings and in some cases suggest more or larger significant relations than in the benchmark analysis. We prefer to rely on the benchmark analysis which is more conservative.
The output tables 3-4 report average marginal effects; in what follows we take the convention to comment only on the coefficients that are statistically significant at the 5% or lower level.
Aggregate personality scores
We initially regress our indicators over a set of basic explanatory variables capturing standard socio-demographic characteristics as well as self-assessed information on health status and the presence of friends. In the analysis we also control for time and cohort fixed effects by means of dummy variables to indicate the wave and the cohort as defined by HRS 11 . Columns (1) and (3) of Table 3 report the output of such regressions for our two dependent variables. We confirm previous results in the literature (see, e.g., Guiso et al., 2001; Halek and Eisenhauer, 2001; Hong et al., 2004; Rosen and Wu, 2004) , and specifically that the probability to hold risky assets and the portfolio share invested in such assets are higher for better educated individuals, home-owners, individuals with more wealth, with friends 12 and in good (self-assessed) health, and lower for non-whites (only for risky asset holdings.)
We then introduce in the analysis the factor scores (columns 2 and 4 of the table), constructed following the indication of HRS, and aimed at capturing individualspecific determinants of behavior such as personality traits: five scores related to the Big Five model plus further eight scores capturing potentially relevant personality characteristics unrelated to the Big Five model (see Section 3 on this). Our previous results on the socio-demographic characteristics are preserved. In addition, we find significant effects of two scores: Agreeableness (negatively) and Cynical Hostility (positively). Investors endowed with lower degrees of the Agreeableness trait and those who exhibit more Cynical Hostility are more prone to take financial risks, ceteris paribus. Agreeableness is a trait related to interpersonal orientation: very agreeable individuals are extremely group-oriented, rather than self-centered. Next, they are cooperative and helpful 13 . By contrast, individuals who are low in Agreeableness can be rude, suspicious and manipulative. It is plausible to argue that investors who are lower on Agreeableness also display a tendency to perceive others in a more negative light, are less concerned with others' well-being, and are more self-centered and uncooperative. Therefore, it is understandable that, to earn more for themselves, they are more prone to take financial risk. Cynical Hostility is a personality trait characterized by a cynical worldview of one's environment and social interactions. Cynically hostile individuals have a more suspicious, mistrustful attitude towards others 14 . Therefore, also individual investors who score high for Cynical Hostility turn out to be more self-centered and willing to take more financial risks to increase their wealth.
The size of these effects is relatively large as, for instance, going from the bottom to the top of the Agreeableness score roughly balances the effect of having a 100% increase in financial wealth, while going from the bottom to the top of the Cynical Hostility score has an effect comparable to being home-owner or having a college degree (+7% in the probability to hold risky assets, and +6.2% in the risky asset share.) Hong et al. (2004) showed that more sociable investors are more likely to invest in the stock market than non-social ones. 13 The items on the basis of which the Agreeableness score has been constructed are: helpful; warm; caring; softhearted and sympathetic (see on this the Appendix.) 14 The Cynical Hostility score has been constructed on the basis of several items capturing individuals' degree of agreement with the following statements: Most people dislike putting themselves out to help other people; Most people will use somewhat unfair means to gain profit or an advantage rather than lose it; No one cares much what happens to you; I think most people would lie in order to get ahead; I commonly wonder what hidden reasons another person may have for doing something nice for me (see on this the Appendix.)
Preferences or beliefs?
Risk taking may change in response to variations in risk preferences or beliefs about future market returns. Unfortunately we do not have information to disentangle between the two dimensions. However, we follow Malmendier and Nagel (2011) to draw insights on beliefs. Specifically, we focus on a survey question asking for the percentage that the stock market will go up in the next 12 months (see Section 3 for details.) Columns (5) and (6) of Table 3 report the output of a fractional response model where the dependent variable is the self-assessed chance that the market will go up. Column (5) includes standard socio-demographic variables only, while Column (6) also adds the personality scores.
The chance that the market goes up increases with education, wealth and health status, and is lower among females, immigrates and older individuals. Not surprisingly, beliefs are worse in years 2008-2012 than in year 2006, i.e., during or right after the financial crisis. Regarding personality traits, we see that the chance that the market goes up falls with Extraversion and Optimism, while it rises with Cynical Hostility, Pessimism and Hopelessness. It should be noted, however, that the pseudo-R 2 statistic of the models in columns (5)- (6) is particularly low -much lower than in columns (1)-(4) -which suggests that most of the heterogeneity in the self-assessed chance the stock market goes up remains unexplained.
Overall Table 3 suggests that portfolio risk taking may change with Cynical Hostility because of a change in beliefs, although we cannot exclude that Cynical Hostility plays a role also through the preferences channel. What we can exclude is that Agreeableness alters beliefs. As a consequence, its correlation with risk taking should be attributable to a change in preferences.
Single facets of personality traits
The factor scores considered above originate from a set of 65 raw variables. The advantage of using scores is that they summarize the existing large amount of information. However, this comes at the cost of losing details on the single sub-traits. Our finding of significant effects only for two out of 13 scores could indeed be the consequence of having each score as the summary indicator of different variables: maybe some variables are not relevant, while others are relevant but in opposite directions. As a result, the score in itself may not accurately describe the real contribution of investors' personality to their financial decisions.
As noted by Almlund et al. (2011) , this possibility is emphasized in the personality psychology literature, with some scholars suggesting that the Big Five categories are too crude to be useful and claiming that estimates based on the higherorder factors may obscure relationships between specific facets and outcomes of interest (Hough and Oswald, 2000; Paunonen and Ashton, 2001) . Similarly, Becker et al. (2012) point out that each measure of personality not only comprises multiple items, but (more importantly) captures distinct aspects of a character trait. Therefore, a finer analysis is necessary: exploiting the richness of our data source by looking at the impact of personality sub-traits, i.e. facets, on financial risk taking is the goal of the last step of our empirical analysis.
Specifically, here we repeat our analysis by including in the specification all the 65 raw variables in place of the 13 factor scores. Each (discrete) variable takes values in the 0-1 range. Many of these 65 variables are highly correlated with each other, which gives rise to quasi-collinearity problems. To cope with this issue, and at the same time reduce the dimensionality of the regression specification, we run a statistical stepwise selection. Specifically, we perform a stepwise selection on the 65 raw variables, while always keeping in the specification the socio-demographic control variables. Given the exploratory nature of this method, to be conservative we run stepwise selection with both backward and forward algorithms, using a relatively large significance level of 0.1. Backward and forward procedures eventually provide similar regression outputs in the case of the risky asset holding, and identical outputs in the case of the risky asset share. The raw variables retained by the stepwise selection are listed in Table 4 ; below each label we report within squared parentheses a code that allows identification of the variables in the "participant lifestyle" module of HRS 2010. See the Appendix for details.
Many personality scores are represented by at least one facet. The most relevant coefficients, positive and significant in all the cases, are the belief that people do not help others ("Cynical Hostility") and the feeling that the future is hopeless ("Hopelessness".) Other relevant coefficients are being broad-minded ("Openness", positive), sympathetic ("Agreeableness", negative), friendly ("Extraversion", positive), calm ("Neuroticism", negative) and striving to succeed ("Mastery", positive) for the holding, and being outgoing ("Extraversion", positive) and with directions in life ("Purpose in Life", positive) for the share. Therefore, our facet-level investigation enriches our overall analysis as it both reinforces the previous results with regard to traits such as Agreeableness and Cynical Hostility and complements it by showing that other Big Five traits -such as Openness, Extraversion and Neuroticism -and non-Big five traits -such as Hopelessness, Mastery and Purpose in Life -play a relevant role. All in all, it seems that Cynical Hostility matters for both the holding and the share, while the Big Five traits have more to do with the holding and having a Purpose in Life is more highly correlated with the share. All the above signs appear intuitive, including the negative sign of Hopelessness that may depend on the fact that investors who score high on Hopelessness believe that there is nothing or not much to lose in their future life and, therefore, their propensity to take risks is higher. We view this finding as extending to financial decisions the result from prior work pointing to a positive relationship between Hopelessness and risky behavior in other domains: for example, Bolland (2003) reports that feelings of Hopelessness among inner-city adolescents are associated with several domains of risky behavior, such as violence, substance use, sexuality and accidental injury; similarly, analyzing a pool of African American young men, Kagan et al. (2012) show that as Hopelessness increases, sexual risk behavior increases.
In contrast, none of the facets behind the scores on "Conscientiousness", "Optimism", "Pessimism", "Loneliness", and "Constraints on Personal Control" is included in the final specification with a coefficient significant at a 5% or higher level. On the whole, then, we believe that looking at the influence of personality facets on financial risk taking allowed us to corroborate and reinforce the broad idea that lies at the heart of our study: non-cognitive factors such as investors' personality attributes significantly shape their portfolio choices.
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Concluding remarks
The aim of this paper is to provide a novel contribution to our understanding of what determines individual risk taking in the financial domain. So far, the existing literature shows that risk aversion has economic correlates (such as income and wealth), sociodemographic correlates (age, gender, education, height, civil status, parental background, cognitive ability) and depends on biological factors (for instance see Sapienza et al., 2009 ) as well as genetic factors (Cesarini et al., 2009; 2010) . Next, peer effects have been shown to play an important role (Hong et al., 2004) , also with regard to fund managers' portfolio choices (Pool et al., forthcoming).
Based on US repeated survey data, we investigated the impact of individual investors' non-cognitive abilities on their portfolio choices and showed that they depend on a series of variables capturing characteristics of individuals' personality. The documented effects survive after controlling for known determinants of financial risk taking. Specifically, our analysis revealed that two personality traits (namely, Agreeableness and Cynical Hostility) significantly shape portfolio choice. The correlation of risky investments with these personality traits is quantitatively large, and it may balance almost completely the correlation with well-known determinants of risk taking such as college education. Next, our facet-level analysis corroborated and reinforced our trait-level results, shedding light on the influence on financial decisions of several facets associated with both Big Five and non-Big Five traits. On the whole, our major findings indicate that when investors' personality profile is mainly selfcentered as they score either high on Cynical Hostility or Hopelessness or low on Agreeableness, they are more likely to take financial risks, all else equal.
More broadly, our findings corroborate the recently advanced view that conventional economic and finance theory should be enriched by incorporating key psychological findings: providing evidence that a link exists between individuals' financial risk taking and their personality characteristics points to a closer relationship between economic preferences, that have been mainly studied within a classic expected utility framework, and non-cognitive skills such as personality attributes, that traditionally have been investigated by psychologists (see on this Rustichini et al., 2012) . However, as noted by Almlund et al. (2011) , even though it is tempting to try to map economic preferences to more vaguely defined personality traits, the empirical connection between preferences and measures of personality (including intuitively similar personality traits) is still largely unexplored and the stream of literature combining insights from the approaches taken by economists and psychologists (Becker et al., 2012; Beauchamp et al., 2012 ) is still in infancy.
Further, since we know that people's personality attributes are heterogeneous, we claim that uncovering links between some personality traits and financial risk taking has also implications for the line of inquiry aimed at understanding heterogeneity in portfolio allocation (Guiso et al., 2001; Curcuru et al., 2009) , including suboptimal financial decision making (Agarwal and Mazumder, 2013) . In this regard, our study suggests that two individuals who do not differ in income, gender, educational attainment, wealth, background risk, cognitive ability, age and even genetic makeup, may still significantly differ in their financial decisions: the reason would be that they differ in terms of personality attributes like the ones identified in this study. Put differently, faced with the same optimization problem and budget constraints, individuals otherwise identical but characterized by different personality traits may still make significantly different portfolio choices.
Finally, a natural next step to be taken along this path will be to disentangle the effects on investors' portfolio choices of cognitive factors from non-cognitive ones. On general grounds, it is likely to be the case that while cognitive factors are key in some domains (e.g., with regard to time preferences), in others it is their interplay with noncognitive skills that significantly shape people's behavior (Rustichini et al., 2012) . Discovering whether this interaction is key also within a relevant decision-context such as investors' portfolio choice is left as an interesting avenue for future research on the theme.
Appendix: Construction of score variables
Scores are constructed from the combination of some raw items developed in the psychology literature. For each item, we report below its label from HRS 2010. Each score is missing when more than half of the items are missing. For sake of comparability, in the analysis we rescale each score in the 0-1 range. Possible answers are: "A lot", "Some", "A little" and "Not at all", to which we assign the value 4, 3, 2 or 1 respectively. We assign the reverse code to items lb033q and lb033v. Scores are the average of the following items: Openness: lb033m, lb033o, lb033s, lb033t, lb033w, lb033z3, lb033z4. Conscientiousness: lb033e, lb033i, lb033n, lb033v, lb033z5. Extraversion: lb033a, lb033f, lb033j, lb033u, lb033z3. Agreeableness: lb033b, lb033g, lb033k, lb033p, lb033y. Neuroticism: lb033d, lb033h, lb033l, lb033q. [lb019g] I'm always optimistic about my future.
[lb019h] In uncertain times, I usually expect the best.
[lb019i] Overall, I expect more good things to happen to me than bad.
[lb019j] I hardly ever expect things to go my way.
[lb019k] I rarely count on good things happening to me.
[lb019l] I feel it is impossible for me to reach the goals that I would like to strive for.
[lb019m] The future seems hopeless to me and I can't believe that things are changing for the better. "Please say how much you agree or disagree with the following statements.
[lb023a] I can do just about anything I really set my mind to.
[lb023b] When I really want to do something, I usually find a way to succeed at it. [lb023c] Whether or not I am able to get what I want is in my own hands.
[lb023d] What happens to me in the future mostly depends on me.
[lb023e] I can do the things that I want to do." Possible answers are "Strongly disagree", "Somewhat disagree", "Slightly disagree", "Slightly agree", "Somewhat agree" and "Strongly agree", to which we assign the value 1, 2, 3, 4, 5 or 6 respectively. The score is the average of the items.
Purpose in Life
20
(HRS question lb035) "Please read the statements below and decide the extent to which each statement describes you.
[lb035a] I enjoy making plans for the future and working to make them a reality.
[lb035b] My daily activities often seem trivial and unimportant to me.
[lb035c] I am an active person in carrying out the plans I set for myself.
[lb035d] I don't have a good sense of what it is I'm trying to accomplish in life.
[lb035e] I sometimes feel as if I've done all there is to do in life.
[lb035f] I live life one day at a time and don't really think about the future.
[lb035g] I have a sense of direction and purpose in my life." Possible answers are "Strongly disagree", "Somewhat disagree", "Slightly disagree", "Slightly agree", "Somewhat agree" and "Strongly agree", to which we assign the value 6, 5, 4, 3, 2 or 1 respectively. We assign the reverse code to items lb035a, lb035c and lb035g. The score is the average of the items. -likelihood -4,949.41 -4,934.94 -3,942.72 -3,933.87 -5,077.95 -5,059 .25 Observations 10,104 10,104 10,104 10,104 10,104 10,104 Note. The table reports the average marginal effects on the probability to hold risky assets (Columns 1 and 2; probit model), the risky asset share (Columns 3 and 4; fractional response model) and the chance the stock market goes up (Columns 5 and 6; fractional response model.) Household-clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. average marginal effects on the probability to hold risky assets (Columns 1 and 2; probit model) and the risky asset share (Columns 3 and 4; fractional response model.) Personality facets are a subset of the 65 variables chosen according to backward stepwise selection (significance level for removal: 0.1). Householdclustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. average marginal effects on the probability to hold risky assets (Column 1; linear probability model), the risky asset share (Columns 2 and 3; OLS and tobit models respectively). Household-clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. average marginal effects on the probability to hold stock assets (Columns 1 and 2; probit model) and the stock asset share (Columns 3 and 4; fractional response model.) Household-clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
